Fractional cover of green vegetation (FCover) is a key variable when observing Arctic vegetation under a changing climate. Vegetation changes over large areas are traditionally monitored by linking plot-scale measurements to satellite data. However, integrating field and satellite data is not straightforward. Typically, the satellite data are at a much coarser scale in comparison to field measurements. Here, we studied how Unmanned Aerial Systems (UASs) can be used to bridge this gap. We covered three 250 m × 250 m sites in Fennoscandian tundra with varying productivity and FCover, ranging from barren vegetation to shrub tundra. The UAS sites were then used to train satellite data-based FCover models.
Introduction
Due to rapidly advancing climate change, there is a great need for monitoring Arctic vegetation. Substantial changes in vegetation cover and composition have been observed in many areas across the Arctic (e.g. Myers-Smith et al., 2011; Sturm et al., 2001) . One of the key variables characterizing Arctic vegetation is the fractional cover of green vegetation (hereafter FCover). Monitoring FCover can reveal the dynamics of vegetation expansion or loss (Epstein et al., 2013; Lara et al., 2018; Phoenix and Bjerke, 2016) . These changes can be related to disturbance caused by herbivores, extreme weather events or earth surface processes, or recovery from earlier disturbance (Virtanen et al., 2010; Phoenix and Bjerke, 2016) . Furthermore, vegetation is crucially linked to permafrost dynamics, and earth surface-atmosphere feedbacks, for example surface albedo and temperatures Farbrot et al., 2013) .
Satellite-based spectral vegetation indices (VIs) are known to be sensitive to FCover and are commonly used to examine vegetation change (Carlson and Ripley, 1997; Epstein et al., 2012; Jia et al., 2003; Tucker et al., 2001; Zeng et al., 2003) . It is well recognized that more effort is needed to evaluate circumpolar VI (Guay et al., 2014) . Collecting ground reference data for coarse resolution data is challenging due to differences in scale between field observations and satellite data (Epstein et al., 2012; Walker et al., 2016) . Vegetation survey plot size typically varies from 1 to 10 4 m 2 (Walker et al., 2016) , but even smaller plots have been used. For example, Liu and Treitz (2016) used a subplot size of 0.125 m 2 when collecting reference data for FCover. Obtaining multiple field observations, i.e. a plot consisting of several point observations or subplots. Thus, novel methods are needed in order to bridge this gap between scales. During the past decade, advances in both the development of unmanned aerial systems (UASs) and photogrammetric methods have opened new avenues for many fields of research (Anderson and Gaston, 2013; Colomina and Molina, 2014; Cruzan et al., 2016; Pajares, 2015) . UASs can be used as personal remote sensing systems, which can map the environment with unprecedented accuracy over large areas (Fig. 1) . Several studies have demonstrated that UASs are excellent tools for mapping and monitoring different vegetation properties (Dandois and Ellis, 2013; Dunford et al., 2009; Wallace et al., 2016) . Furthermore, UAS-based vegetation classification studies have been successfully executed in different environments (Ahmed et al., 2017; Cruzan et al., 2016; Laliberte et al., 2010) , including the Arctic (Fraser et al., 2016; Juszak et al., 2017; Palace et al., 2018) .
A completely new set of scales is now available for analysis since the emergence of UASs (Anderson and Gaston, 2013; Tømmervik et al., 2014) . Traditional Earth observation is limited by the predefined scale of the observations, as the only scales available for analysis are those in which the instruments record the data -regardless of whether these scales are appropriate for the analysis (Dark and Bram, 2007) . Because of their low operating altitude, UASs can produce ultrahigh-resolution data, which can be upscaled (i.e. aggregated) to a desired resolution. The data can be matched with global-coverage satellite data, enabling FCover estimation at multiple scales ( Fig. 1) .
Most of the pan-Arctic vegetation studies are based on coarse-resolution satellite data, such as Advanced Very-High Resolution Radiometer (AVHRR, 1.09 km resolution at nadir) or Moderate Resolution Imaging Spectrometer (MODIS, resolution ≥ 250 m) (Epstein et al., 2013; Guay et al., 2014) . However, gradual changes in vegetation are hard to detect from coarse-resolution data due to landscape heterogeneity and lack of pure pixels (Jia et al., 2009 ). Mediumresolution satellites (e.g. Landsat, Sentinel-2, SPOT) offer much higher resolution to reveal more of the fine-scale variability of the Arctic vegetation (Ju and Masek, 2016; Lara et al., 2018) . Sentinel-2 and Landsat data are particularly relevant for vegetation monitoring, since both are freely distributed and have global coverage. Furthermore, as computing power continues to increase and become more available for researchers, global-scale analyses at relatively high resolution are becoming increasingly realistic and feasible (Gorelick et al., 2017) . Until recently, high-resolution satellites (e.g. WorldView, IKONOS, QuickBird) tended to have a limited capability for large-extent Earth observation, but they can nevertheless reveal important details related to Arctic vegetation patterns at smaller extents (Stow et al., 2004; Virtanen and Ek, 2014) . However, the recent emergence of nano-satellite constellations has rapidly changed the availability and temporal resolution of high spatial resolution data. For example, Planet CubeSat satellites now provide global high spatial resolution (3 m) data with very high temporal resolution. The average visit time in the Arctic is, on average, less than one day (Cooley et al., 2017) . Nevertheless, the suitability of such data to vegetation monitoring remains largely unexplored.
Thus far, several studies have examined Arctic FCover based on different remote sensing data sources (e.g. Laidler et al., 2008; Liu et al., 2017; Liu and Treitz, 2016) . Laidler et al. (2008) investigated the relationship between FCover and Normalized Difference Vegetation Index (NDVI), and its relationship derived from three data sources; field spectrometer, IKONOS, and Landsat 7 ETM+ satellite data. The study showed a strong linear relationship between FCover and NDVI for all of the instruments (R 2 = 0.72-0.78). Liu and Treitz (2016) Nevertheless, the application of Landsat 8, Sentinel-2 and Planet CubeSat satellites for FCover modelling remains untested. The Sentinel-2 and Planet CubeSat constellations could advance Arctic observation due to their higher revisit time and resolution compared to the Landsat series. Since the availability of cloud-free imagery in the Arctic is low compared to other regions (Wulder et al., 2015) , more frequent observation can greatly advance Arctic monitoring. Sentinel-2 offers additional bands, also within the red-edge, which may improve the remote sensing of vegetation attributes, including those related to FCover . On the other hand, the Landsat series offers a unique time series extending back to the 1970s, which is essential for long-term change monitoring (Wulder et al., 2012) .
In this study, we demonstrate the utilization of UASs for estimating FCover at multiple scales. Our main motivation was to improve the integration of field and satellite data, and to advance the monitoring methods of Arctic vegetation by using modern remote sensing methods. Our first aim was to create and test a simple workflow for estimating FCover from UAS-derived RGB-orthomosaics created by low-cost, easyto-operate UASs. Orthomosaics were classified as presence or absence of vegetation, which were then used to aggregate FCover to different resolutions, directly aligned with different satellite data. Our second aim was to test the relationship of the UAS-derived FCover (hereafter UAS-FCover) with various spectral vegetation indices (VI) derived from Landsat 8, Sentinel-2A and Planet CubeSat satellite data, which are highly relevant for circumpolar vegetation monitoring. Finally, we aimed to predict FCover beyond the individual UAS-sites by using generalized additive models (GAM).
Material and methods

Study area
Our study area is located in northern Fennoscandia (69°03′N, Fig. 1 . Scales of field observation and commonly used remote sensing data. UAS-assisted ground reference data collection can be used to bridge the gap between plot data and medium and coarse resolution satellite data.
H. Riihimäki, et al. Remote Sensing of Environment 224 (2019) 119-132 20°49′E) in an oroarctic tundra environment (Virtanen et al., 2016) . Vegetation distribution within this landscape is controlled by local climate, topography, soil properties and disturbances (le Roux et al., 2013; Riihimäki et al., 2017; Suvanto et al., 2014) . The fine-scale variation of these variables results in a heterogeneous mosaic of vegetation. Three study sites (250 m × 250 m) at different altitudes and vegetation zones were selected to encompass the variation in FCover (Fig. 2) . The first site (A) is located in a valley between two massifs, Mt. Jehkas and Mt. Saana. The vegetation consists mainly of dwarf shrubdominated mountain heaths. Meadows are found in the proximity of two streams that run through the area (Fig. 2) . Large patches of junipers (Juniperus communis ssp. alpine) and dwarf birch (Betula nana) are found in protected locations and in the meadows. The second site (B) is located at the lower part of the northern slope of Mt. Saana. The site has steeper and more variable topography compared to site A, but the main vegetation types are similar. The third study site (C) is located at the upper part of the northern slope of Mt. Saana. It has the lowest productivity and vegetation cover of the three sites. The soil at this site is poorly developed and the bedrock is exposed in many places, and large boulders are scattered throughout. Vegetation consists mainly of dwarf shrub heaths, dominated by Cassiope tetragona, Empetrum hermaphroditum ssp. nigrum and Betula nana.
UAS imagery
The UAS data were collected between 18 and 19 August 2016. We used a DJI Phantom 4 quadcopter and its standard camera. The camera has a 1/2.3″ CMOS sensor and 12.4 million effective pixels. The lens is 20 mm (35 mm format equivalent) with a wide, 94°field of view angle. The camera was stabilized in pitch, roll and yaw by a three-axis gimbal. Pix4D capture application (iOS, v. 1.4.1) was used as an autopilot for the missions. The image sequences were collected in two perpendicular blocks by using the 'double grid' option of the autopilot software. We used a low, 30 m flying altitude to achieve ultrahigh resolution imagery (< 1.5 cm), and an 80% frontal overlap between the image footprints (Dandois et al., 2015) . According to the software provider, the side overlap was adjusted with the number of flight lines to bring it close to the defined overlap value (Pix4D support, 2018). The double grid option was chosen in order to maximize the number of angles where each feature is imaged. In order to minimize the effect of changing altitude and ground sampling distance (GSD), the missions were flown in roughly 90 m × 260 m blocks, where 90 m is the length towards the downslope and 260 m is the width perpendicular to the slope (see Cruzan et al., 2016) . Each flight block was flown with two flightline overlap with the previous flight.
The image sequences were post-processed into a point cloud with a structure-from-motion (SfM) method (Boon et al., 2016) . We used the Pix4D Mapper Pro (v. 3.0.1.3, and 3.1.18) , which completes all the main SfM steps; feature identification, feature matching, camera model optimization and bundle block adjustment (Küng et al., 2011) . The only user input required is to locate ground control points (GCP) and select the processing parameters. We used 9 GCP in sites A and C, and 13 GCP in site B, which were located by Trimble GeoHX 6000 GNSS receiver (Trimble Inc., Sunnyvale, CA, USA). The post-processed accuracy of the GCPs was < 4 cm in the X and Y coordinates, and < 6 cm in the Z coordinate. In order to evaluate the accuracy of the point cloud independently, we used four control points that were not used in the georeferencing process (Appendix 1). In the processing step, the point density option was set to 'optimal', the image scale was set to 'multiscale, 1/2 (Half image size)', and the minimum number of matches was set to three. Matching window size was 9 × 9 pixels. Blurry images were removed before processing. Each block was first processed as a separate flight through the initial processing step, after which the blocks were merged. In addition to GCP, manual tie points were added to tie the imagery from different flights together. Common tie points were located from multiple images and flights. The initial point clouds were then reoptimized. Next, the point cloud densification step was performed. Finally, in order to create an orthomosaic, the images were projected on the 2.5D model generated in the previous step. The resolution for the orthomosaic was set to be the same as the average GSD. The GSD is the average distance between two point features, which was 1.14, 1.36, and 1.38 cm in sites A, B and C, respectively.
Satellite data
We acquired satellite imagery as close as possible to the UAS flights. The closest cloud-free Landsat 8 OLI and Sentinel-2A, and Planet CubeSat images were all available two days prior to the start of the UAS campaign (16 August, 2016) . Thus, the acquisition of both UAS and satellite imagery was nearly simultaneous. The Landsat 8 OLI image was obtained from USGS EarthExplorer as a Level-2 Surface Reflectance product (USGS, 2017). The Sentinel-2A image was obtained from Copernicus Scihub as a Level 1C product. Atmospheric correction was performed for the Sentinel-2A image by using the sen2cor (v. 2.4.0) software provided by ESA (Müeller-Wilm, 2017) . The Sentinel-2A product was flagged as geometrically inaccurate due to an unannounced collision avoidance maneuver (ESA, 2018) . A systematic shift of around 50 m was noted in our study area. Thus, we re-georeferenced the image in ArcMap 10.3 (ESRI 2014) by using lakes and streams obtained from the topographic database of Finland as a reference (NLS, 2016). Planet CubeSat imagery was downloaded from Planet Application Program Interface as an analysis-ready level-3B Surface Reflectance product (Planet Team, 2017) .
VIs were then calculated from each satellite data (Table 1 ). All possible two-band combinations were tested by using several formulas: 1) ratio-based spectral index (RSI = Band A / Band B), 2) normalized difference spectral index (NDSI = (Band A − Band B) / (Band A + Band B)), and 3) reciprocal difference spectral index
. In addition, we selected commonly used vegetation indices for closer inspection in order to relate our results to previous studies ( Table 1 ). VIs that used visible wavelength bands and NIR encompassed Simple Ratio (SR; Birth and McVey, 1968) and Normalized Difference Vegetation Index (NDVI; Rouse et al., 1974; Tucker, 1979) , which have been commonly used for modelling FCover, leaf area index and other vegetation biophysical variables (e.g. Guay et al., 2014; Laidler et al., 2008) . NDVI in particular is widely used in Arctic vegetation monitoring (Epstein et al., 2013) . Green NDVI (GNDVI) was proposed by (Gitelson et al., 1996) to increase the sensitivity of NDVI to chlorophyll content and avoid early saturation of NDVI. Similarly, Huete et al. (2002) introduced the Enhanced Vegetation Index (EVI), which is an operational index for Moderate Resolution Imaging Spectroradiometer (MODIS), and considered to be more sensitive to structural variation in vegetation than NDVI. The red-edge indices included VREI and RENDVI (Gitelson and Merzlyak, 1994; Vogelmann et al., 1993) , which are essentially the red-edge versions of SR and NDVI. Both the Sentinel-2A red-edge and the 8B NIR bands have a high spectral resolution (19-28 and 33 nm, respectively) in comparison to red and NIR bands (38 and 145 nm, Appendix 2), which could be beneficial for estimating FCover . SWIR-indices included the Infrared Simple Ratio (ISR; Fernandes et al., 2003) and the Normalized Difference Water Index (NDWI; Gao, 1996) . Gao (1996) found that the NDWI index is related to FCover, although 1240 nm (i.e. in the end of NIR) data was used for the second band, whereas Fernandes et al. (2003) used the first SWIR band (1648 nm) of the Landsat 7 ETM+ sensor. On the other hand, Liu et al. (2017) suggest that the 2072-2100 nm area is sensitive to variation in FCover. The indices in the following text were named after the band number when several bands covered the same spectral area (e.g. ISR1 refers to the index that is calculated from NIR and the first SWIR band, whereas ISR2 refers to NIR and the second SWIR band). All of the indices were calculated in R (R Development Core Team, 2017) using the raster package (Hijmans et al., 2017) . Sensor bandwidths and spectral resolutions are listed in Appendix 2. For the prediction grids (i.e. satellite data), areas having snow, water, clouds or topographic shadows should be masked in order to examine vegetation only (Jia et al., 2009 ).
Table 1
Focused spectral vegetation indices and sensors for which the indices were calculated. PCS = Planet CubeSat, S2A10 = Sentinel-2A MSI at 10 m resolution, S2A20 = Sentinel-2A MSI at 20 m resolution, LS8 = Landsat 8 OLI, R = Red, G = Green, B = Blue, RE = red-edge, NIR = Near-infrared, SWIR = Shortwave infrared. For S2A20 red-edge indices, the first red-edge band was used. See Appendix 2 for further details on the spectral band definitions of each sensor. Gao (1996) ✓ ✓ H. Riihimäki, et al. Remote Sensing of Environment 224 (2019) 119-132 
Field validation data
The field validation data were based on photographs from 170 plots from the same study sites. Images were taken 22-28 August, 2016, shortly after the UAS campaign. For low stature (< 50 cm) vegetation, we used 40 cm × 40 cm plots (n = 148). For tall growing shrubs, we used a larger 1 m 2 plot size (n = 22). The plot locations were stratified according to a productivity gradient that covered the minimum and maximum productivity ends for each main vegetation type. Each plot was photographed from nadir with a digital camera. The plot photograph was used to define FCover by simulated point sampling (Liu and Treitz, 2016) . A systematic grid of 100 point samples was laid over the image, and the number of green vegetation points was calculated manually (see Appendix 3). The FCover was then calculated as the number of green points divided by 100. For the 1 m 2 plots, the FCover was assessed visually in situ by using a gridded frame consisting of 100 squares (10 cm × 10 cm). The sample frames were oriented in northsouth direction and the plot-center coordinates were located with the GNSS receiver. For extracting the UAS-FCover for the plots, a square polygon (40 cm, or 100 cm) was created around the center coordinate in ArcMap 10.3. The agreement of the field photography FCover and UAS-FCover was inspected by R 2 , Root Mean Square Error (RMSE, Eq. (1)), and bias (Eq. (2)):
where y i is estimated value and y i is the observed value. For field validation, we set the UAS-FCover as the estimated and field photography as the observed value.
Classification
Since logistic regression is a powerful statistical learning method for a two-class (binary) situation (James et al., 2013) , a multiple logistic regression model was used to classify the RGB UAS-orthomosaics from each study site ( Fig. 3c and d) . The logistic function produces an Sshaped curve between 0 and 1. For training data, we created 500 randomly located points per site, which were interpreted visually into two classes (0 = green vegetation absent, and 1 = green vegetation present). The point locations were used to extract red, green and blue digital number from the UAS-derived RGB-orthomosaic, which were used as explanatory variables in the logistic regression. Modelling was performed in R by using the caret package (Kuhn et al., 2017) . The whole sample (n = 500) was used to classify the orthomosaic. The classification was evaluated by using overall accuracy, user's accuracy and producer's accuracy (Olofsson et al., 2014) . Bootstrap resampling is commonly used to evaluate predictions (James et al., 2013) , and was applied here to evaluate the uncertainty of the modelling results. Bootstrap sampling (n = 1000) was done randomly with replacement, such that a single observation can be included multiple times in a single bootstrap sample (training data) while some of the observations are not selected at all. We used 30% of the data for evaluation. A robust model should show low deviation of the evaluation metrics among the bootstrap samples.
Calculating fractional data to different scales
The fractional cover of a variable is calculated as the number of pixels in presence class divided by the total number of pixels in a given grid cell (or as the mean value of the grid cell from a binary raster [0,1]). For each satellite data and resolution, we created perfectly aligned polygon grids. FCover was calculated to grid cells by using the Zonal statistics tool in ArcMap v. 10.3 (Fig. 3e) . VI data was extracted to points located in the center of each cell. Each point contained the same ID as the zonal grid cells containing the FCover values. The VI and FCover data were then joined using the matching IDs to create the training data (Fig. 3f) . For the field validation data, FCover was calculated according to the plot size (0.16 or 1 m 2 ), and for the satellite data analyses, it was calculated at 3, 10, 20, and 30 m resolutions, which correspond to the Planet CubeSat, Sentinel-2A (RGB, NIR), Sentinel-2A (RGB, Red-edge, NIR, SWIR), and Landsat 8 OLI imagery, respectively.
FCover-VI relationship
All of the satellite image pixels that were fully contained within the 250 m × 250 m UAS sites were included into the subsequent VI-FCover analysis. We used generalized additive models (GAM) to investigate the relationship between the FCover and VIs. GAMs are a semi-parametric extension of generalized linear models that allow fitting non-parametric response curves with smoothing functions (Crawley, 2013; Hastie and Tibshirani, 1986) . In a GAM model, a link-function is used, which relates the mean value of the dependent variable to its linear predictor (Crawley, 2013) . We used a quasibinomial error structure with a logit link-function, and a smoothing function with k = 4. In practice, the k parameter defines the degrees of freedom associated with the smoothing (Wood, 2018) . The modelling was performed in two steps: 1) preliminary data screening, using full data models, and 2) in-focus analysis of the interesting VIs. In the first step, we calculated GAM models using full training data (i.e. all of the satellite grid pixels) for all of the different two-band combinations, using RSI, NDSI and RDSI formulas. The VI values were inspected automatically and clear outliers were removed. We excluded VI observations from the training data in which x < Q1 -5 × IQR or x > Q3 + 5 × IQR, where Q1 is the first quartile, Q3 is the third quartile, IQR is the interquartile range and x is the outlier VI value. The models were inspected by RMSE, and deviance explained (D 2 ) (Crawley, 2013; Guisan and Zimmermann, 2000) :
The VI with the highest D 2 was selected for the next step, along with several well-known and theoretically relevant VIs used in previous studies (Table 1 ). In the second step, the selected GAM models were evaluated using bootstrap resampling. We used 100 bootstrap samples, leaving out 30% of the data at each iteration. The modelling performance was examined by using R 2 and RMSE, which were calculated from the observed and predicted FCover values of the evaluation data (see Kuhn et al., 2017) . In the evaluation, the R 2 measures the proportion of variance in observed values that is explained by the predicted values. Finally, the full dataset was used to make a prediction for the whole study area by using the index with the highest explanatory power for each satellite data source, using the full data.
Results
Orthomosaic classification
The site-specific green vegetation classification models had high accuracies ( Table 2 ). The mean overall accuracies were 91%, 90%, and 93% for sites A, B, and C, respectively. The models showed consistent performance in the bootstrap test; the standard deviation of the overall accuracy among the 1000 samples was < 2% for all the sites. The producer's accuracies for the green vegetation (presence) class were 93%, 92% and 73%, and the user's accuracies were 93%, 92% and 85% for sites A, B, and C, respectively. The corresponding values for the absence class were 88%, 88%, 97%, and 88%, 88%, and 95%, respectively.
Upscaling fractional vegetation cover
The R 2 between the aggregated classification results (UAS-FCover) and field data was 0.77 (Fig. 4) . The RMSE was 0.21 and bias was −0.05. During fieldwork, we noticed that the cover of senescent vegetation had increased in several field plots that were photographed 3 to 11 days after the UAS flights. This had a negative effect on the relationship; by removing plots that had senescent vegetation (over 20% cover by visual estimation), the R 2 improved to 0.90, and the RMSE was reduced to 0.14 and bias to 0.03. Fig. 3 . Workflow for upscaling UAS data to satellite data resolution. a) satellite image from the area of interest, b) calculated vegetation index, c) UAS RGBorthomosaics and random sample point data, which is visually classified to green vegetation present or absent (training data for classification model), d) classified orthomosaic at ultrahigh resolution, e) FCover calculated to grid, which matches the satellite data grid (a-b), f) combined data from aligned satellite and FCover grids used for modelling, g) predicted FCover for the area of interest. Panels (a) and (g) are shown at the landscape scale; b-e demonstrate the creation of training data (f) in a smaller 30 m × 30 m area. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) Table 2 Confusion matrices for the green vegetation classifications with full data for each site (n = 500). The outliers, which had an FCover difference > 0.3 and no senescent vegetation, were inspected visually in order to evaluate the cause for their large difference. Two observations were potentially related to resolution difference (i.e. the point sample from the photograph identifies small patches of non-green vegetation, which are averaged in the orthomosaic). The same effect can be seen in the top-right corner of Fig. 4 , where UAS-FCover is often 0.95 to 1, but the corresponding field estimate is slightly less. One outlier had a geometric error (co-registration error), which was identified by comparing the orthomosaic and plot photograph. Additionally, two outliers were largely covered by brown moss, which was classified by the model as green vegetation but interpreted as non-green vegetation from the field photographs. Fig. 5 demonstrates the upscaled FCover at different satellite image resolutions (i.e. training data for VI models). The histograms reveal how FCover distributions depend on the resolution (Fig. 6) . At fine resolution, the highest observation densities are located at both ends of the gradient (bare ground and fully vegetated), whereas at coarser resolution the number of mixed pixels increases and subsequently the distribution shifts towards the center of the scale (Fig. 6) . Furthermore, information regarding spatial heterogeneity is partly lost when the data becomes more averaged (Figs. 5, 6 ).
FCover models based on spectral vegetation indices
Several VIs showed potential for modelling FCover over larger extents. Most of the best-performing VIs have already been identified in previous studies. Simple ratio (SR) was the best index with Planet CubeSat and Sentinel-2A (10 m) data, which have data available from visible light (red, green, blue) and NIR bands. The normalized difference water index (NDWI), which uses NIR and SWIR bands, was the best index with Landsat 8 data (Fig. 7, Appendices 4, 5) . The NDSI formula using red-edge (783 nm) and SWIR (2202 nm) bands showed the highest explanatory power with Sentinel-2A data (Fig. 7, Appendix  4) . To the best of our knowledge, this combination does not have a wellestablished name. Since it uses the same formula as RENDVI and NDWI, but uses red-edge and shortwave infrared band, we refer to this index as RENDWI (the Red-Edge Normalized Difference Water Index). We also chose to use the version where the relationship with FCover is positive, i.e. RENDWI = (RE-SWIR) / (RE + SWIR) (Fig. 7.) . Interestingly, using red-edge at 741 nm and SWIR at 1614 nm produced almost identical results. Overall, many VIs had good explanatory power, particularly at 20 m and 30 m resolution (Appendix 4).
In general, VIs including the NIR and SWIR bands (ISR, NDWI) had the highest performance with Landsat 8. In Sentinel-2A, VIs containing either red-edge or NIR and SWIR generally had good performance. It is noteworthy that the bands in the middle (741 nm) and end (783 nm) of the red-edge had a higher performance than the red-edge data from the chlorophyll absorption area (704 nm). From the visible light and NIR indices, SR and NDVI had almost identical performance, which were both better than GNDVI (Fig. 8, Appendix 5) . The Sentinel-2A (20 m) narrowband red-edge indices, calculated from the first red-edge band (VREI and RENDVI), had almost identical performance metrics when compared to the corresponding broadband indices (i.e. SR and NDVI). Performances of EVI and GNDVI were not among the best with any of the tested sensors.
Landsat 8 VIs showed, on average, higher performance compared with other instruments, whereas the high resolution Planet CubeSat had the lowest performance (Figs. 7, 8 (Fig. 7) . The predicted FCover maps based on the same indices are shown in Fig. 9 . The bootstrap evaluation of the models (100 repeats) indicated that in general the results are robust. In all cases, the standard deviation of the R 2 was < 0.04 (Fig. 8) ;
the largest standard deviation in R 2 was 0.036 with Landsat 8 EVI.
Discussion
The challenge of Arctic vegetation surveys is to move towards a more consistent way of gathering vegetation data, and reliably linking these observations to larger-scale Earth observation data (Guay et al., 2014; Walker et al., 2016) . FCover (or the overall presence of green vegetation) is a simple variable that can be defined explicitly and relatively free from problems related to other vegetation classifications. Furthermore, FCover is strongly related to many other phenomena, such as surface albedo or permafrost dynamics Farbrot et al., 2013) . FCover is relatively simple to measure for small plots, but satellite-scale measurements can be difficult. However, UASs offer new possibilities for producing vegetation information at multiple scales, and hence might provide the much needed link between field and satellite data.
We presented a low-cost method for mapping vegetation across the heterogeneous tundra landscape at ultrahigh resolution (GSD < 1.5 cm). UAS-derived RGB-orthomosaics were classified into two classes -green vegetation present or absent. Our results showed a high classification accuracy across the study sites (overall accuracies > 90%), which is a good basis for calculating UAS-FCover to any resolution. In our approach, the UAS-FCover was first evaluated with independent field data, and then used as reference data in satellite data-based modelling. The field plot FCover was generally in accordance with the UAS-FCover (R 2 = 0.77). We suspect that differences in sampling time, as well as the observed increase in senescence of vegetation, may have had a negative effect on the correlation. Accordingly, the explanatory power was significantly higher after the senescent plots were removed from the analysis (R 2 = 0.90). However, it is important to note that some of the Arctic vegetation is senescent throughout the year (e.g. Liu et al., 2017) . Another source of discrepancy can be attributed to co-registration error between the reference polygon and field sampling frame. The validation results are observations. The data is displayed on a grid due to the multiple overlapping observations, particularly at the extreme ends of the FCover gradient.
H. Riihimäki, et al. Remote Sensing of Environment 224 (2019) 119-132 based on small plots (≤1 m 2 ), and it has been shown that co-registration errors tend to decrease with plot size (e.g. Frazer et al., 2011) . The co-registration error is mainly caused by uncertainties in GNSS positioning and SfM processing (Appendix 1). Some uncertainty might also be caused by the simulated point frame method as assigning the reference data (100 sample points from the photographs) to either green or non-green class is a partly subjective task, especially if the vegetation is transitioning from green to senescent, or if the imagery contains shadows (Appendix 3). Nevertheless, given these potential caveats, we conclude that the overall agreement between the UAS-FCover and the independent validation data was quite strong. Future studies should strive for simultaneous collection of field photography and UAS data, in order to avoid the aforementioned uncertainties related to vegetation phenology.
The presented multiscale-method offers opportunities to match data not only with field data, but also to any grid within the coverage of the UAS data. Thus, it enables scale-related effects to be investigated from micro to landscape scale. The aggregated FCover estimates at different resolutions clearly demonstrated how the perception of FCover changes with the resolution (Fig. 6) . Fine-resolution data (3 m) had a tailed distribution towards 0 and 1, whereas in medium-resolution data (10-30 m) values were more centered around the mean, and the information related to the spatial heterogeneity of FCover was reduced.
These are classical effects related to the Modifiable Area Unit Problem (MAUP), which arises when large-scale information is based on the aggregation of observations from finer scales (Dark and Bram, 2007) . Importantly, such effects will affect statistical analyses, especially because when finer units are aggregated to larger units, the variation in the data decreases, resulting in a higher explanatory power (Dark and Bram, 2007) . Interestingly, our findings indicate that the resolution of the satellite data had a strong effect on the results, specifically with respect to the explanatory power and the RMSE of the FCover-VI models: The coarser-resolution data had higher explanatory power and lower RMSE. For example, the same VIs calculated from Sentinel-2A data had higher performance at 20 m resolution compared to that at 10 m resolution (Fig. 8, Appendices 4, 5) . In addition, the Landsat 8 OLI data (30 m) had the highest overall performance, whereas the highresolution (3 m) Planet CubeSat had the lowest overall performance (Appendix 4). This effect can be partly explained by reduced co-registration error (Frazer et al., 2011; Weber et al., 2008 ), but we also consider that some of the effect is related to MAUP and the decreased variance of the coarser-resolution data (Dark and Bram, 2007) .
In addition to examining scale-related effects, UAS data can greatly advance reference data collection for satellite data, especially for coarse-resolution satellite sensors (e.g. Guay et al., 2014) . Finding a pure pixel that represents a certain plant community becomes H. Riihimäki, et al. Remote Sensing of Environment 224 (2019) 119-132 increasingly difficult with coarse-resolution data (Jia et al., 2009 ). This effect is also clearly visible from our data, where the majority of the training pixels were mixed at medium-resolution (Fig. 6 ). Furthermore, there is an increased risk of getting an inaccurate impression about FCover dynamics in monitoring studies, as contradicting spectral responses may occur within a coarse-resolution pixel. For example, an increase in temperature may cause a decrease in active land surface processes (Aalto et al., 2014) , resulting in a local increase in FCover due to vegetation expansion to previously unsuitable areas (i.e. local greening). At the same time, increased temperatures may cause drought stress, hence decreasing FCover (i.e. local browning). If such scenarios were to occur within a pixel, it would lead to little or no change in spectral response, despite actual fundamental changes in vegetation. Furthermore, spectral mixing is well known to affect coarse-resolution vegetation change analyses (Jia et al., 2009) . Several studies have acknowledged that Arctic vegetation dynamics are hard to discern with data that do not represent the true heterogeneity of the Arctic landscape (Lara et al., 2018; Virtanen and Ek, 2014) . Stow et al. (2004) proposed a two-scale approach for monitoring the Arctic: 1) using frequent coarse-resolution remote sensing for monitoring change (e.g. AVHRR), and 2) using less frequent, but high-resolution remote sensing for calibrating the coarser-resolution data (e.g. aerial imagery). The same idea was applied in this study, but with higher-resolution data. Specifically, UAS remote sensing offers a crucial improvement, as resolution can be controlled by the user (Dark and Bram, 2007) . In fact, it is possible to achieve centimeter-level resolution with UASs, providing information at the level of individual plant (e.g. shrubs). Furthermore, linking this with satellite data enables investigation of broader patterns. The recent increase in computational capability has enabled global analysis with medium-resolution satellite data (Gorelick et al., 2017) , which offers possibilities for circumpolar vegetation studies at a higher resolution than before (cf. e.g. Guay et al., 2014) .
Most of the satellite-based circumpolar vegetation studies have used coarse-scale NDVI products (e.g. Epstein et al., 2013; Guay et al., 2014; Tucker et al., 2001) . NDVI is based on red and NIR spectral bands, which are sensitive to the amount of leaf chlorophyll, and internal leaf structure and interleaf scattering, respectively (Tucker, 1979) . Healthy vegetation with high cover absorbs radiance in red and reflects it in NIR, thus high NDVI should indicate high FCover (Carlson and Ripley, 1997) . In a previous FCover study, Laidler et al. (2008) reported linear relationships between FCover and NDVI (R 2 = 0.78 for Landsat 7 ETM + and R 2 = 0.72 for IKONOS).
A recent study suggests that red-edge and SWIR areas of the spectrum can also be useful for estimating FCover . Here, we investigated all of the possible two-band combinations similar to Liu et al. (2017) , but using data from potential high to medium resolution satellite sensors with circumpolar monitoring capability. The relationships between FCover and VIs were generally strong, although differences were observed between the VIs and sensors. From the different VIs tested in this study, the indices including red-edge or NIR, and SWIR band (i.e. RENDWI, NDWI) performed the best. Therefore, future studies should consider examining these indices in addition to the traditionally used NDVI. The VI results evaluated with bootstrapping indicate very high performance with various Sentinel-2A-(20 m) and Landsat 8 OLI-based VIs. NIR-bands are widely used in various VIs, as green vegetation is highly reflective in the near-infrared. Previously, Gao (1996) noted that NDWI can be used to predict FCover in coniferous forests; our results indicate that it is well-suited to tundra as well. The reflectance of bare soils is expected to be higher at SWIR compared to NIR or red-edge, thus NDWI or RENDWI is expected to increase with FCover (Gao, 1996) . Several studies have highlighted the importance of senescent vegetation for the Arctic tundra (Liu and Treitz, 2016; Liu et al., 2017) . These studies suggest that SWIR wavelengths are important due to specific leaf lignin and cellulose absorption features caused by senescent vegetation. It is also possible that the importance of SWIR is caused by its sensitivity to the low water content of senescent vegetation (cf. healthy green vegetation), whereas indices using red-band (e.g. NDVI) are not as sensitive. Our results show that there was little difference in the model performance when using different SWIR bands.
The high importance of red-edge, NIR and SWIR bands for estimating FCover somewhat agrees with the in-depth FCover and VI analysis by Liu et al. (2017) . However, there are some differences between our results and those of Liu et al. (2017) . For example, contrary to Liu et al. (2017) , we found that the RDSI formulas were consistently poorer than NDSI. This is possibly due to the non-linearity of the response; in our case the GAM model formula (k = 4) enables flexible (non-linear) curve fitting and a better model fit, whereas the inspection by Liu et al. (2017) assumes a linear relationship between VI and FCover (by using Pearson's correlation), which would likely give a poorer fit with our data. RDSI and RSI formula-based models appear more linear in comparison to NDSI-based models (see Appendix 5).
Despite the promising results, more work is needed to evaluate the proposed methodology for different vegetation types in the circumpolar Arctic. Furthermore, different classification methods should be tested in order to assess whether classification accuracy can be improved by using such methods as thresholding RGB-based indices (Beamish et al., 2018; Torres-Sánchez et al., 2014) or object-based image analysis (Blaschke et al., 2014) . The object-based approach is likely needed when classifying Arctic vegetation into more than two classes (e.g. using plant functional types or vegetation types) with ultrahigh-resolution data (Liu and Treitz, 2016; Ma et al., 2017) . In addition, the classification accuracy could benefit from radiometrically-corrected multi-or hyperspectral data, as uncertainty caused by uncalibrated data would be eliminated and more information becomes available from specific areas of the spectrum, depending on the sensor (Adão et al., 2017) . Several studies have already shown promise in using hyperspectral data for classifying Arctic vegetation types, plant functional types and FCover (e.g. Davidson et al., 2016; Huemmrich et al., 2013; Liu and Treitz, 2016) . However, the currently available multi-and hyperspectral sensors for UASs have a much lower spatial resolution than normal cameras (Colomina and Molina, 2014) . Thus, covering large areas with centimeter-level resolution becomes impractical with these sensors, and detail at the finest scale would be lost. Nevertheless, with the ongoing sensor development, it is likely that higher spatial and spectral resolution sensors continue to provide new opportunities in the near future, in both UAS-based (Adão et al., 2017) and spaceborne remote sensing (Transon et al., 2018) . Lastly, we believe that a study inspecting the effect of various UAS flight parameters (e.g. altitude, frontal and side overlap of the images, cloud cover) on the quality of the 3D reconstruction and orthomosaic would be beneficial for establishing an optimal way of conducting UAS remote sensing of vegetation in the Arctic (see e.g. Dandois et al., 2015) . UAS-produced imagery offers a tremendous amount of environmental information (Anderson and Gaston, 2013; Cruzan et al., 2016; Fraser et al., 2016) . For field inventories, it has already been demonstrated that digital images provide a rapid and reliable alternative for traditional field sampling with point frames (Liu and Treitz, 2016) . Here, this idea was extended for studying FCover with ultrahigh-resolution orthomosaics. In comparison to field work, the orthomosaic interpretation enables the cost-effective creation of large and comprehensive datasets. We studied the fractional cover of vegetation, but other key variables such as shrub cover and height, or active land surface processes could also be monitored with UASs. In order to monitor broader extents such as the circumpolar Arctic, collaborative networks using the same methodology and near-simultaneous data collection are crucial.
Conclusions
The changing Arctic requires cost-effective mapping and monitoring across different scales. Here, we demonstrated a novel methodology using UAVs and different optical satellite data for estimating FCover at multiple scales. FCover is a fundamental feature of the Arctic vegetation, which is sensitive under the changing environmental conditions. The UAS-derived FCover was strongly related to several VIs derived from the medium-resolution data from Earth observation satellites, which can be used to estimate FCover over larger areas. The strength of the relationships depended not only on the resolution, but also on the VI. In general, VIs calculated from coarser-resolution data showed stronger relationships with UAS-FCover. VIs containing red-edge, NIR and SWIR-bands performed the best, which highlights the need to explore other VIs besides the commonly used NDVI. The results demonstrate how UASs provide an invaluable tool for investigating vegetation patterns at various scales. Thus, we recommend a wider application of UASs when conducting field work, and also for multi-scale vegetation studies in the Arctic. Furthermore, the presented methodological framework can be used in other environments, for example in alpine areas or rangelands. 
